Food choices are personal and complex and have a significant impact on our long-term health and quality of life. By helping users to make informed and satisfying decisions, Recommender Systems (RS) have the potential to support users in making healthier food choices. Intelligent users-modeling is a key challenge in achieving this potential. This paper investigates Ensemble Topic Modelling (E ns T M) based Feature Identification techniques for efficient user-modeling and recipe recommendation. It builds on findings in E ns T M to propose a reduced data representation format and a smart user-modeling strategy that makes capturing user-preference fast, efficient and interactive. This approach enables personalization, even in a cold-start scenario. This paper proposes two different E ns T M based and one Hybrid E ns T M based recommenders. We compared all three E ns T M based variations through a user study with 48 participants, using a large-scale, real-world corpus of 230,876 recipes, and compare against a conventional Content Based (CB) approach. E ns T M based recommenders performed significantly better than the CB approach. Besides acknowledging multi-domain contents such as taste, demographics and cost, our proposed approach also considers user's nutritional preference and assists them finding recipes under diverse nutritional categories. Furthermore, it provides excellent coverage and enables implicit understanding of user's food practices. Subsequent analysis also exposed correlation between certain features and a healthier lifestyle.
INTRODUCTION
Food has a direct, complex and multifaceted relationship with our lifestyle and personality. People have preferences regarding activities around food, such as cooking, plating, grocery and eating-out. Studies showed people are becoming more mindful towards healthier lifestyles and the fact that healthy eating/cooking impacts psychosocial and physical well-being [6] . However, finding food-ideas/recipes that acknowledge one's circumstance and preference remains a challenge for many people. Food Recommender Systems (FRS) have the potential to assist users in navigating through the overwhelming amount of online resources on food/recipes and guide them towards healthier choices. World Health Organization figures suggest that 1.9 billion adults and 41 million children under the age of 5 are clinically overweight and more than 691 million people are obese [5] . FRS have the potential to become an important technology for addressing the global crisis of obesity and malnutrition by helping to make diet and nutritional guidelines available to mass population. This is well-reflected in the dramatic uplift of research interest on FRS in recent years [27] .
Recommending food is challenging as our choices are defined by many cross-domain factors including demographic and contextual factors, health awareness, social and ethical factors, together with practical considerations such as cost, cooking time and methods, and the availability of ingredients. In order to develop effective FRS, we must design user models that capture user data across these diverse factors. Approaches are also required that enable Recommender Systems (RS) to fit user's preference data on a massive information space around food. As Teng et al. note, there are millions of food-items/recipes as different ingredients are grown at different geographical locations and recipes originate from different cultural groups worldwide [25] . In this context coverage and diversity are important constraints, where coverage corresponds to the percentage of items for which a RS is able to generate a prediction [15] . Higher coverage enables the RS to implement varying diversity approaches and draw from more options. Taken together, these challenges necessitate FRS that can (1) identify the attributes/features which are significant for human food-choices, (2) capture user's preference on the identified features, (3) filter a large information-space, (4) generate recommendations efficiently and finally (5) guide users towards healthier choices.
We explored Ensemble Topic Modelling (E ns T M) [7] accompanied by a series of custom text-prepossessing to extract significant food features. The aim was to identify representative or agent contents of diverse domains connected to human food choice. In our study 288 features and their corresponding significance scores were extracted from a corpus of 230,876 recipes. As summarized in Table 1 , the identified feature set is rich in contents representing multiple domains. The paper describes a foreshortened data representation format based on the extracted features which aims to reduce computational complexity of food recommendation.
We implemented three distinct E ns T M based personalized FRS: a Food Feature based Recommender (FFbR), a Weighted Food Feature based Recommender (WFFbR), and a Food Feature based Collaborative Filtering (FFbCF). To evaluate these approaches we conducted a user study comparing E ns T M based recommenders to a conventional Content Based (CB) approach. Results show that all E ns T M based approaches significantly outperformed CB approach. In contrast to prior work, the E ns T M approach also effectively supported recommendations across diverse social and cultural groups, even in a first recommendation scenario. Finally, the strong adaptation of the concept of dislike across all three methods proved effective in identifying user's food practice (e.g. vegetarian) and filtering accordingly. Further exploratory analysis exposed previously unknown pattern in user's interactions towards certain features. The existing correlation between healthier user-groups and certain food features argue for further research on feature based FRS with healthiness cues.
RELATED WORK
Previous research has produced seminal contributions towards FRS, aimed at ensuring user-preference, diversity and nutritional development in diet. Freyne et al. [12, 13] describe an ingredient-based approach where they inferred user's preference on a new recipe as the cumulative sum of his/her preference for each ingredient in that recipe. This formed the basis of their novel user-based K-NN Collaborative Filtering (CF) approach [12] which has been influential and was applied by others including [18, 24] . Subsequently, more advanced methods emerged for tackling different challenges such as, Teng et al. [25] used item-centric CF and applied an ingredient-network to identify similar recipes, where the ingredient-network was generated based on cooccurrence of ingredients within recipes and menus. Kuo et al. [20] proposed a weighted graph based menu planning approach where ingredients were grouped into subsets and each subset was considered as contents. However, while these approaches are very interesting, they focus purely on ingredients.
Ge et al. [14] proposed a method that leverages tags and latent factors to recommend recipes. Pinxteren et al. adopted a different approach [33] where, first they added custom annotations to each recipe in their corpus, then asked users to rate individual recipes and finally recommended recipes that share annotations with those rated positively by the user. This method was successful in addressing more food-choice factors, but the annotation set was relatively small and specific to their recipe corpus. As they mentioned, this limited their FRS from automatically adopting to new user groups. Further notable work includes: Gu et al. [16] case-based FRS based on user's previous consumption cases; Sobeck et al. [24] hybrid FRS incorporating fuzzy inference with stereotype demographic filtering; and Bianca et al. [8] hybrid model incorporating meta-heuristic and genetic algorithms. Elsweile et al. [10] and Ueta et al. [32] discussed automatic meal planning approach to support balanced nutrition. While effective in constrained contexts, each of these approaches depends on sufficient pre-existing user preference data. They are thus susceptible to failure in cold-start scenarios [8] . Trattner et al. [30] proposing a novel method to recommend recipes to people in a cold-start scenario.
There was also a significant number of interesting research work producing domain specific knowledge to facilitate future research interests. [27] is a seminal work form Trattner et al. on summarizing, "to which extent current recommendation algorithms can adopt healthy recipes recommendation?" and "what resources are out there?". [22, 23, 28, 31] showed how online recipe repositories could be potential sources for knowledge discovery to support personalized and groupbased recipe recommendations. [11, 18, 29] looked into patterns in users' online activity around food.
RECOMMENDER STRATEGIES
To create a recipe data-set, we developed a web-scraper for geniuskitchen.com [2] . Our final data-set comprises of 230,876 recipes. Each recipe was stored as a plain-text document that included information on ingredients, instructions, servings, cuisine, cooking-time, cooking-approach, cooking equipment, context, taste (e.g. sour or spicy) and nutrition data.
The first aim of our work was to uncover common foodfeatures across the recipe data-set that could then be used to model user-preference and resolve user-to-recipe relationships. One traditional approach to achieving this is to apply TF-IDF [21] . This provides a term (word) frequency matrix that favors intra-document dominance of a word over intra-corpus dominance. However, it does not produce any knowledge about the term beyond the occurrence frequency. Topic Modelling (TM) is an alternative and widely investigated approach, which attempts to discover the underlying thematic structure within a text corpus as derived from cooccurrences of words across the documents [7] . A Topic Model typically consists of k topics, each represented by a ranked list of strongly-associated terms/words. Each topic represents trend or theme of the contents of the document. Belford et al. [7] extended TM in their E ns T M. They built on evidence by Topchy et al. [26] that ensemble procedures encourage diversity and improve quality by integrating results across multiple iterations of individual algorithms. To extract a set of significant features from our recipe corpus, we proceeded with E ns T M [7] based on the generation and integration of the results produced by 100 runs of TM based on non-negative matrix factorization [19] . This produced a Topic-Term Weight Matrix where each column is a topic and each row determines the level of association between {Topic, Term} pair. To achieve a diverse and novel feature set we selected the top 30 topics and top 15 terms within each of these topics. Some terms appeared over multiple topics as they are involved in multiple food-trends. We consider the value of each {Topic, Term} pair in the TopicTerm Weight Matrix as the significance weight w i for each term i within the corresponding topic. For terms existing over multiple topics we assigned w i as the cumulative sum of their weight over all the corresponding topics. This produced a final set of 288 unique terms representing diverse aspects of food, e.g. cooking-approach, ingredient, equipment, serving and preservation techniques, context. These 288 terms, summarized in Table 1 , are our identified Food Features and their corresponding weight are the proposed Feature Scores 1 .
In this work, we adopted a simple recipe-to-feature relationship by representing each recipe as a vector of 288 features, where each feature value corresponds to its TF-IDF within the recipe. The transformation of the recipe corpus into a recipe-to-feature matrix, as shown in figure 1, reduces the bulk overload of food data while still holding enough information to retrieve each recipe. In the next step we used the identified food-features to learn user's preference. During their initial interaction with our FRS, users are asked to choose features with a like or dislike. (Note there was no requirement for users to rate all 288 features). To build the user-to-feature matrix the FRS assigns +5 to liked features, -5 to disliked features and 0 to any feature that has not been selected by the corresponding user. Unlike typical RS approaches we assigned an extreme negative value to disliked features. This was an important design decision and was done with the view to producing insights beyond user's food preferences, by enabling our system to implicitly capture important considerations such as nutritional restrictions or foods which users deliberately avoid.
We implemented three E ns T M based recommendation algorithms: FFbR, WFFbR, and FFbCF. The algorithms are named based on the attributes they operate on and the fundamental RS strategies they use. Each uses the recipe-to-feature matrix to transform user's positive and negative scores on features to user's scores on recipes.
• Food Feature based Recommender (FFbR): This strategy assigns a preference score P for user u a on a target recipe r n based on the cumulative sum of u a 's rating (dis/like) for all features f i(1,2, ..,m) present in r n . Where m is the total number features consisting r n .
Instead of taking an average, we normalized the cumulative sum to a range {0 to 5} to favor recipes with more liked features than others. FFbR treats all foodfeatures equally, assuming that each feature has an equal impact on user preferences.
• Weighted Food Feature based Recommender (WFFbR):
With WFFbR we aimed to account for the differing impact of different food features. It scales u a 's preference on a feature f b with its corresponding feature score w b and predicts u a 's preference on r n as the cumulative sum of the weighted preferences on all m features within r n .
• Food Feature based Collaborative Filtering (FFbCF): FFbCF applies the CF proposed by Freyne et al. [12] in order to increase the knowledge on user's preference and predict user's preference score on food-features not been liked or disliked by the user. When user u a first interacts with it the FFbCF identifies u a 's nearest neighbors based on similar ratings on overlapping features. We implemented KNN clustering [9] to identify top n nearest neighbours of u a . For a new feature f b FFbCF predicted u a 's preference as,
With this more densely populated user-to-feature matrix FFbCF generates P(u a , r n ) for using equation 1.
EVALUATION
In order to test the E ns T M base FRS strategies, we conducted a user study with 48 users of varying nationality, ethnicity, gender and age. Participants were recruited though social media groups within UCD. All participants were entered into a draw for a 50 gift voucher. Ethics permission for this study was provided by UCD office of research ethics. A smaller recipe-corpus of 92,539 recipes with valid images was used as the primary recipe data-set. The study compared four approaches: the three E ns T M based FRS strategies and a CB approach. Each approach predicted user's preference on all 92,539 recipes. For each recommendation strategy, the top 2,100 recipes with highest prediction score were divided into 7 equal sized epochs and from each epoch one recipe was randomly selected. This approach was taken to support diversity and allow users to have more options at their disposal.
We developed a website 2 . and hosted it under the university domain. Participants were first required to access the website and indicate their informed consent and then create a user-name and password. They could then log into a secure website that displayed an interactive panel of images representing all 288 features, in the order of their feature weight. They were asked to select at least 20 features which they like and at least 20 features which they dislike. This information was used to create a user profile. Once created, participants could log into their profile and browse the features to update their likes and dislikes. Participants also selected an appointment time for the main experiment.
During the main experiment participants were shown a series of four recommendation lists corresponding to each of our recommendation algorithms. Each list consisted of seven recipes. The order in which the recommendation lists were presented was fully counter-balanced across the 48 participants. Within each list, participants were required to 2 Demo of the website could be found at https://youtu.be/ujaB0FiqRwk rate each individual recipe on a 5 star rating scale, where 0 and 5 represented "not like at all" and "liked very much" respectively.
RESULTS

Accuracy:
The accuracy of the recommendations has been evaluated based on participant ratings of recipes. For each participant, the average rating across the seven-item list generated by each recommendation strategy was calculated. Figure 2 shows the mean score of each algorithm across all users. Again the pure CB approach was the poorest performer. This was confirmed though statistical analysis. We first conducted a repeated measures analysis of variance that compared the mean ratings of participants across the four algorithms. The result, F(3,188)= 14.42229, p<0.001, indicates a significant difference within the results. Paired sample ttests were then conducted between the individual algorithms, with a null hypothesis in each case of no difference in the mean ratings. We do not find a significant difference between participants ratings across the E ns T M approaches, indicating that they all performed equally well in terms of accuracy. There was however a significant difference in participants ratings between each of the E ns T M approaches and the CB baseline, with p < 0.001 in each case. This suggests that each E ns T M based approach performed significantly better than the baseline CB approach. Coverage: Here we consider the coverage achieved by each algorithm across all users, that is, the percentage of recipe-user pairs where the algorithm was able to generate a prediction. The notable outlier is CB, which produced coverage of only 20%. FFbR and WFFbR both had user's preferences for an average of 51 of our 288 features and both produced a coverage of 91.57%. FFbCF, with a more densely populated user-to-feature matrix, provided 100% coverage, with predictions for all recipe-user pairs.
Implicitly capturing food practices: Another practical aspect of knowledge building for a FRS is an algorithm's ability to predict important aspects of a user's food practices from available user information. For example, while both vegetarians and vegans eat vegetables, eggs should only be recommended to vegetarians. Figure 3 shows that the CB baseline performed poorly in this regard. In contrast FFbR , WFFbR identified user's food practice 100% accurately. Here the feature-to-recipe direct relationship extends the dislike property of the FRS as an effective identifier tool. The reason FFbCF failed to predict food practice for some users is the collaborative effect of their neighbour's food practice. Correlation between lifestyle and food-features: Further analysis on the data-set collected from the user study exposed interesting associations between users' lifestyle and their feature-preference. Users were categorized under different health-groups based on three different healthiness measures: activity_level, BMI and average food_healthScore. User's activity_level was a self reported assessment by user. BMI was calculated from users' height and weight [4] . User's average food_healthScore was defined as the average healthscore [17] of all recipes user liked (rated 4 or more). Table 2 summarizes the category labels corresponding to each healthiness measure and the guideline associated with each categorization criteria. The activity_level and food_healthScore based categorization showed agreement on the healthiness of user's lifestyle preference. Users from more active groups (moderately_active, extra_active) were also identified in higher food_healthScore groups (moderately_healthy, very_healthy). Where, BMI based categorization was not predictive of either of activity_level and food_healthScore based categorization. The aim of the categorization was to investigate, if there is any pattern in the interactions between certain healthgroup and any food features. Finding the correlation between these two variables allows us to assess whether healthier users tend to like or dislike a particular feature. A natural approach for such analysis is the application of machine learning classification algorithms to access the predictive capabilities of these features, although due the small sample size (48 users) and the high degree of imbalance in the class size across all three scales, a simple correlation analysis is used in favour of these methods in this instance.
Results expressed interesting associations between healthgroups and features. Given that the group/category-level associated with activity_level and food_healthScore are ordinal in nature, we conducted a Spearman rank correlation analysis to find the degree of association between preference (positive/negative) for features and health-groups. 
CONCLUSIONS AND FUTURE WORK
This work presents an initial evaluation of E ns T M based FRS.
Results show that E ns T M based approaches performs significantly better than a conventional CB approach. It provides a universal feature extraction approach that can generate a set of significant food-features from any recipe/ menu/ food corpus. The features have the added advantage of being human understandable and allowed us to directly model user preferences. E ns T M based feature identification resolves the limitation of user-group dependency and is capable of making food recommendations for users from diverse nationality, ethnicity and culture. It allows for the generation of recommendations without the need for existing user ratings on recipes, helping to address the cold start problem. By working with a reduced feature set, E ns T M also enables computationally efficient recommendation. Furthermore the the subset of nutritional features within our food features supports the proposed E ns T M approaches to personalize the Reclist according user's nutritional preference.
While there was no significant difference between the three E ns T M based approaches in terms of users' recipe ratings, the use of E ns T M in combination with CF provided best coverage, predicting user preferences across 100% of our recipe corpus. However, the CF based approach performed more poorly in terms of implicit understanding of users' food practices. In future work we aim to focus on applying the E ns T M based recommenders to support diet/menu planning by incorporating health-aware filtering strategies, with the view to providing long-term, guided and healthier food choices. The positive and negative popularity of features among certain health-groups also inspired us to investigate food feature in comparison with healthiness clues for user modeling and recipe recommendation.
